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RESEARCH ARTICLE
Are Schizophrenia, Autistic, and Obsessive Spectrum Disorders
Dissociable on the Basis of Neuroimaging Morphological Findings?
A Voxel-Based Meta-Analysis
Franco Cauda, Tommaso Costa, Andrea Nani, Luciano Fava, Sara Palermo, Francesca Bianco,
Sergio Duca, Karina Tatu, and Roberto Keller
Schizophrenia spectrum disorder (SCZD), autism spectrum disorder (ASD), and obsessive-compulsive spectrum disorder
(OCSD) are considered as three separate psychiatric conditions with, supposedly, different brain alterations patterns.
From a neuroimaging perspective, this meta-analytic study aimed to address whether this nosographical differentiation
is actually supported by different brain patterns of gray matter (GM) or white matter (WM) morphological alterations.
We explored two possibilities: (a) to find out whether GM alterations are specific for SCZD, ASD, and OCSD; and (b) to
associate the identified brain alteration patterns with cognitive dysfunctions by means of an analysis of lesion decoding.
Our analysis reveals that these psychiatric spectra do not present clear distinctive patterns of alterations; rather, they all
tend to be distributed in two alteration clusters. Cluster 1, which is more specific for SCZD, includes the anterior insular,
anterior cingulate cortex, ventromedial prefrontal cortex, and frontopolar areas, which are parts of the cognitive control
system. Cluster 2, which is more specific for OCSD, presents occipital, temporal, and parietal alteration patterns with the
involvement of sensorimotor, premotor, visual, and lingual areas, thus forming a network that is more associated with
the auditory-visual, auditory, premotor visual somatic functions. In turn, ASD appears to be uniformly distributed in the
two clusters. The three spectra share a significant set of alterations. Our new approach promises to provide insight into
the understanding of psychiatric conditions under the aspect of a common neurobiological substrate, possibly related to
neuroinflammation during brain development. Autism Res 2017, 0: 000–000. VC 2017 International Society for Autism
Research, Wiley Periodicals, Inc.
Keywords: brain alterations; neuroimaging; schizophrenia spectrum disorder; autism spectrum disorder; obsessive-
compulsive spectrum disorder; psychiatric categories; core alterations
Introduction
Classification of psychiatric disorders has been thus far
exclusively based on symptoms, which need to be iden-
tified on the basis of clinical observation. However, the
diagnosis of patients by using categories is only the first
approach to a correct diagnosis [Freedman et al., 2013],
because the clusters linked to one diagnostic category
collect different subtypes.
DSM-5 [American Psychiatric Association, 2013] defines
autism spectrum disorder and schizophrenia as clinical
domains [Krystal & State, 2014]. But it is a common clini-
cal observation that autism can show different subtypes,
each of which characterized by differences in their func-
tioning and neurobiological bases (e.g., genetic syndrome
or not, autism with severe intellectual disability and
language disorder or, on the opposite, with high cognitive
performance). And schizophrenia, too, can have the same
heterogeneity (e.g., genetic syndrome linked to del22q11,
or idiopathic). So, in order to improve both the reliability
and homogeneity of classification, the US National Insti-
tute of Mental Health Research Domain Criteria (RDoC,
http://www.nimh.nih.gov/research-priorities/rdoc/index.
shtml) [Insel, 2010, 2014] has proposed to create a map
of relationships between symptom dimensions and
vast behavioral and biological domains. The aim is to go
beyond common pathological categories in order to
provide clinicians with more reliable diagnostic tools.
The next development is to elucidate the brain mecha-
nism at the basis of the different core domains and
determine whether or not these mechanisms (considered
at the levels of molecules, genes, cells, and circuits) appear
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to be dysfunctional in the same way across brain disor-
ders. Recent studies that went in this direction have tried
to identify significant biomarkers capable of demarcating
classes of patients independent of their phenomenologi-
cal manifestations [Clementz et al., 2016; Marquand,
Rezek, Buitelaar, & Beckmann, 2016].
There is, therefore, a compelling need for a neurobio-
logical understanding of brain disorders, which allows us
to link symptoms to pathophysiology [Wang & Krystal,
2014]. To achieve this result, neuroimaging techniques
such as voxel-based morphometry (VBM) investigations
can be invaluable to detect microstructural abnormali-
ties. These abnormalities frequently appear as morpho-
logical alterations of gray matter (GM) density, shown by
increased or decreased values in brain images or by dis-
ruptive functional patterns in brain activity [Baker et al.,
2014; Ellison-Wright & Bullmore, 2010; Etkin & Wager,
2007; Goodkind et al., 2015; Hamilton et al., 2012].
What is more, alterations caused by brain disorders are
not randomly distributed but tend to form typical
patterns that follow recognizable functional pathways
[Menon, 2011; Whitfield-Gabrieli & Ford, 2012].
Henceforth in this study we will use the terms morpho-
logical “abnormalities,” “changes,” and “alterations”
interchangeably to refer to refer to any sort of macro-
structural or microstructural brain modifications, for at
least two reasons. First, MRI images do not always provide
a precise understanding of the relationship between cell
or tissue modifications and the registered signal change;
this is particularly true for morphometric data, which are
the only type of data that will be analyzed in this study.
Second, psychiatric processes do not invariably cause
appreciable deterioration to the cerebral parenchyma;
occasionally and at least at the initial stages, effects are
limited to a functional reorganization and plasticity pro-
cesses. However, psychiatric disorders frequently produce
significant dysfunction, which can be considered fairly
the result of altered cerebral areas.
Recent studies on the connectome of the pathological
brain provide evidence that a group of specific brain areas
are frequently altered in the majority of brain diseases
[Buckholtz & Meyer-Lindenberg, 2012; Crossley et al.,
2014; Douaud et al., 2014; McTeague, Goodkind, & Etkin,
2016; Saxena & Caroni, 2011]. These areas, pertaining
mostly to the so called frontoparietal control system
[Cole, Repovs, & Anticevic, 2014], are principally critical
hubs [Crossley, Fox, & Bullmore, 2016] within the func-
tional architecture of the brain, as they can support high-
ly integrative processes and adaptive behavior. They also
exhibit a great functional diversity or entropy [Anderson,
Kinnison, & Pessoa, 2013], which reflects in a large
amount of task-related overlaps [Cauda et al., 2012a,b;
Torta, Costa, Duca, Fox, & Cauda, 2013]. Their centrality
and dense connectivity, therefore, would make these
hubs more vulnerable to stress and pathological agents.
These intriguing results dispute the intuitive view that
each brain disorder can exhibit distinctive pathogenesis
and symptomatology, so as to produce a unique, recog-
nizable pattern of brain alterations [Buckholtz & Meyer-
Lindenberg, 2012; Goodkind et al., 2015; McTeague
et al., 2016]. Thus, a classification based on neurobiologi-
cal data (such as molecular and genetic profiles, as well as
structural and functional neuroimaging patterns) prom-
ises to lead to a more rational and consistent understand-
ing of how psychiatric conditions impact on the brain
functional and structural organization.
Following this line of research, the present study
aims at developing a novel method for assessing VBM
alteration patterns in order to construct classification
clusters. We developed our new approach by analyzing
VBM data obtained from studies on three important
psychiatric spectra: schizophrenia spectrum disorder
(SCZD), autism spectrum disorder (ASD), and obsessive-
compulsive spectrum disorder (OCSD).
In a previous study, we found statistically significant
topological relations between GM and white matter
(WM) abnormalities in ASD. This intriguing finding,
which in case of pathological alterations mirrors the
similar coordination between WM and GM found in
brain development [Moura et al., in press], shows that
the most evident concordances were those associated
with decreases (negative concordances), which were
found to be bilateral, albeit with a higher right hemi-
sphere prevalence. This different hemispheric contribu-
tion might be related to pathogenetic factors affecting
the right hemisphere during early developmental
stages. Besides, WM fiber tracts linking the brain struc-
tures involved in social cognition showed abnormali-
ties, and most of them had a negative concordance
with the connected GM regions [Cauda et al., 2014].
WM abnormalities reported in schizophrenia may indi-
cate both altered cortical network integrity and structural
connectivity, which have been hypothesized as key
pathophysiological components of this disorder. There is
in fact evidence of widespread disruptions to structural
connectivity in the early stages of schizophrenia. Severity
of OCSD symptoms has also been related to different
patterns of WM alterations [Yagi et al., 2016].
ASD is defined by two symptoms that must be both pre-
sent for the diagnosis (DSM-5): (i) persistent deficits in
social communication and social interaction across con-
texts; and (ii) restricted, repetitive patterns of behavior,
interests, or activities, which must occurred in early
childhood. As a consequence, two main dimensions can
be observed in ASD: a schizoid-avoidant dimension and
an obsessive-repetitive one. These two dimensions sug-
gest a clinical (and possible neurobiological) link with
schizophrenia and obsessive-compulsive disorder [Cauda
et al., 2011]. In other words, from a clinical point of view,
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ASD seems to be a dimensional bridge between SCZD and
OCSD.
Neurobiological, genetic, neuropsychological and
psychopathological data strictly link ASD and SCZD,
even if these two conditions clearly differ for the age of
clinical onset [de Lacy & King, 2013]. In DSM-5 SCZD
includes schizophrenia, other psychotic disorders, and
schizotypal (personality) disorder. Although diagnostic
criteria have changed from a categorical to a spectrum
model, they persist in keeping distinct ASD and SCZD
[American Psychiatric Association, 2013; World Health
Organization, 1992]. Conversely, other authors, adopt-
ing a neurodevelopmental approach, claim that the
overt expression of these two spectra may be influenced
by the level of maturation of a common single disease
process [Cheung et al., 2010; de Lacy & King, 2013;
King & Lord, 2011; Owen, O’donovan, Thapar, &
Craddock, 2011; Stone & Iguchi, 2011].
Recently, Katz et al. [2016] observed that ASD and
SCZD may share common white matter deficits in long-
range connections involved in social functions, but
opposite gray matter abnormalities in frontal regions
that subserve complex cognitive functions. This observa-
tion is consistent with both the fronto-occipital under-
connectivity theory of ASD and the altered connectivity
hypothesis of schizophrenia, and suggests the existence
of both associated and diametrical liabilities shared by
these conditions [Katz et al., 2016].
Other disorders showing an intriguing link to ASD are
those related to the obsessive-compulsive spectrum disor-
der (OCSD), defined in DSM-5 as obsessive-compulsive
and related disorder [American Psychiatric Association,
2013]. The restricted, repetitive patterns of behavior,
interest, or activities and the excessive adherence to rou-
tines, ritualized patterns of verbal/nonverbal behavior,
the excessive resistance to change and the highly restrict-
ed, fixated interests described in ASD closely resemble the
symptoms observed in OCSD, so much so that a common
neurobiology of repetitive behavior in ASD and OCSD
has been proposed [Langen, Durston, Kas, van Engeland,
& Staal, 2011a,2011b] and a possible neurobiological link
has been detected [Matosin & Siegel, 2016].
Moreover, not only ASD and SCZD appear to be linked,
but there might also be a pathogenetic bridge between
OCSD and SCZD [Owashi, Ota, Otsubo, Susa, & Kamijima,
2010]. In fact, in schizophrenia the prevalence of obsessive-
compulsive disorder is 13.6%, whereas obsessive-compulsive
symptoms are present in 30.3% of cases [Swets et al., 2014].
The presence of obsessive-compulsive symptoms in chronic
schizophrenia is not only associated with greater cognitive
impairment but also with increased difficulties with at least
some aspects of social cognitive function [Whitton & Henry,
2013].
In view of all these considerations, this meta-analytic
study aimed to address two important issues regarding
the possibility that ASD, SCZD and OCSD can be identi-
fied by their brain alteration patterns detected by neu-
roimaging tools.
(1) The first issue was to find out whether GM altera-
tions are specific for SCZD, ASD, and OCSD, so as to
determine whether the nosographical differentiation of
these three spectra is actually supported by different
brain alteration patterns.
(2) The second issue was about the possibility of tenta-
tively defining psychiatric categories on the basis of spe-
cific patterns of brain abnormalities and, subsequently,
of exploring the cognitive profiles of the possible new
categories under the aspect of the neuroanatomical dete-
rioration. We, therefore, aimed to associate the identified
brain alteration patterns with cognitive dysfunctions by
means of an analysis of lesion decoding; this enabled us




We adopted the definition of meta-analysis accepted by
the Cochrane Collaboration [Green et al., 2008] and
the “PRISMA Statement” international guidelines in
order to ensure a transparent and complete report of
data selection [Liberati et al., 2009; Moher, Liberati, Tet-
zlaff, & Altman, 2009]. A systematic search strategy was
used to identify relevant studies, published until 15
July 2016, across the online database most frequently
used in the international literature (Medline database
with PubMed literature search: http://www.ncbi.nlm.
nih.gov/pubmed) involving SCZD, ASD, and OCSD.
Initially, we analyzed association measures among psy-
chiatric and neuroimaging terms in order to get a per-
spective on the biomedical research literature and verify
all the MeSH terms relevant to our purposes. Then, we
adopted the MeSH hierarchy for Mental Disorders in
PubMed automatic routines to find relevant published
article concerning ASD, SCZD and OCSD. In particular,
we provided a set of PubMed queries as input, applying
Boolean operators and PubMed search field tags.
The search algorithm was constructed so as to match for:
“autism spectrum disorder” (ASD); “obsessive-compulsive
disorder” (OCD); “schizophrenia”; “schizoaffective
disorder”; Diffusion Tensor Imaging (DTI); and Voxel Based
Morphometry (VBM), respectively (for more details on
literature search and algorithms, see the Supporting
Information).
Up until 15 July 2016, 1419 papers had been indexed
on PubMed with the selected search terms. Also, bibli-
ographies of published meta-analyses and reviews were
searched so as to identify additional studies that might
have not been included in the PubMed literature search
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database. All the selected articles that did not meet the
inclusion criteria were excluded. In particular, all the
articles were reviewed in order to ensure: (1) both the
presence of the healthy control group and the patho-
logical sample; (2) that the results were reported using
the Talairach/Tournoux or Montreal Neurological Insti-
tute (MNI) coordinates; (3) that the foci of interest had
a significance of at least p<0.05 (p must be considered
corrected for multiple comparison); (4) that the studies
described cerebral structural changes visible with VBM
or DTI (only fractional anisotropy technique); (5) that
the field of view was not confined to a restricted region
of interest (ROI); (6) that the studies were original
works; (7) that original diagnosis was made on the basis
of DSM criteria and clinical test batteries. Furthermore,
instances of multiple references to the same data sets
across articles were identified so as to make sure that
only one reference to the same data contributed to the
coordinates for the present meta-analysis (See TableT1 1
[PRISMA flow chart] in the main text and Supporting
Information Table S1).
All the studies were examined by us independently to
detect dissimilarities or discrepancies, which were after-
ward collectively discussed and resolved. Relevant
descriptive information was extracted from each article.
For all articles that possessed the information, we evalu-
ated the diagnostic clusters of each psychiatric spec-
trum, classifying them on the basis of what has been
indicated in the section “Subjects and methods” by the
authors of the selected articles. When authors did not
specify the clinical type described in their study, the
“mixed” label was used.
Creation and Estimation of the Signed Differential Map
In order to identify patterns of gray matter changes
across studies we used the signed differential map
(SDM) method introduced by Radua and Mataix-Cols
[2009]. This method is capable of distinguishing brain
regions that exhibit a significant convergence of
reported coordinates across experiments with respect to
the one exhibited under a random spatial association.
From every article the reported peak coordinates are
used to create for each study a map of the differences
within GM. The reported foci are therefore not treated
as single points, but as centers for three-dimensional
Gaussian probability distributions, which can capture
the spatial uncertainty associated with each focus. The
probabilities of all foci of a given experiment are then
combined to obtain the modeled activation SDM maps
(SDM-MAs). Eventually, from merging all the maps we
derived a voxel-wise value representing the convergence
of results at each particular brain site.
The statistical significance of results was achieved by
creating a null distribution to test which voxels
reported differences compared to those expected by
chance. The SDM values were tested against the
expected values under the null distribution of random
spatial association across studies. The resultant P values
were corrected for multiple comparisons thresholded at
cluster level with an error-corrected threshold of
P< .05, using a Monte Carlo analysis based on record-
ing the maximum score for each SDM-MA obtained by
a random relocation of the activation foci of each
experiments; the corrected P values were thereby trans-
formed into z scores.
To avoid possible bias due to sex and age we used an
ANCOVA model to regress out the effects of these two
variables. To remove age and sex related effect we merged
all the maps obtained from the SDM method and for
each voxel we built the following regression model:
y5Xb1e
where b coefficients represent a constant term and the
effect of the age and the sex. The estimated b̂ coefficients
are used to obtain the corresponding value corrected for
each voxels as follows:
yC5y2b̂X
The final SDM-MAs were entered in the subsequent
analysis.
Classification
A machine learning approach was employed to identify
any distinguishing features of SCZD, ASD, and OCSD
on the basis of the different patterns of GM and WM
alterations (represented by the MA maps). More specifi-
cally, three different learning methods were employed
to verify the performance of this approach: the Naive
Bayes classifier, the Support Vector Machines (SVM),
and the k-nearest neighbors (KNN). Data provided to
the classifiers were the MA maps: one MA map for each
experiment.
The Naive Bayes classifier is based on the Bayes’ theo-
rem and assumes the features of each example to be inde-
pendent. The maximum likelihood method is usually
used in training sessions.
The SVM is a supervised learning model with specific
learning algorithms. It constructs a hyperplane in a
multidimensional space (with each axis representing a
feature and each point representing an example), which
was used for the classification. A good separation is
obtained when the hyperplane has the largest distance to
the nearest data points of each class.
The KNN is a nonparametric method employed in
machine learning. In the learning phase, k is a con-
stant, and an unlabeled vector is classified by assigning
the most frequent label among the k training samples
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that are nearest to that value. The Euclidean distance is
usually used as the continuous variable, and a metric
such as the Hamming distance for the discrete variable.
All these learning algorithms are supervised method
capable of inferring a function from labeled data. Each
of these algorithms have some particular advantages
depending on the type and dimension of the training
set. The most important strategy in our case is to test
different classification algorithms and select the best
machine learning using cross-validation.
The performance of the classifiers was evaluated using
the Receiver Operating Characteristic (ROC) curve. This
graphical plot is used to illustrate the performance of a
binary classifier as a function of the discrimination
threshold. The axes of the plot correspond to the frac-
tion of true positives out of the total of positives, which
is named true positive rate (TPR), and to the fraction of
false positives out of the total of negatives, which is
named false positive rate (FPR), at various thresholds. The
TPR and FPR are also known as sensitivity and fall-out,
Table 1. PRISMA Flow Diagram of Article Selection
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respectively. In our case, the inputs of the different clas-
sifiers were a vector of features (voxels) for each subject
so as to form a matrix N 3 M (in which N is the number
of subjects and M the number of voxels) and a vector
representing the classes to which the subjects belong.
Finally, we used the leave-one-out cross-validation
(LOOCV) method to test the generalization perfor-
mance of each learning algorithm. The LOOCV trained
the model using n–1 samples and tested it on the leave
out test sample. In this manner, we trained the model
nT2 separate times and used the average error to evaluate
its accuracy (see Table 2 and TableT3 3 for results). We
used this strategy because of the number of samples
and also because this method is more conservative in
the performance results.
Multidimensional Scaling
To evaluate the similarity between the three different
spectra of psychiatric disorders (represented by MA maps
generated by the different experiments analyzed in this
study), we used the multidimensional scaling (MDS)
method. MDS mainly consists of data proximity analysis
techniques to check hidden structures. For each paper,
every MA map was transformed into a series of vectors
containing all the values of the original matrix. Then a
representational similarity matrix was constructed by
computing the correlation r among all vectors. Vectors
are constituted by the statistical values of the voxels per-
taining to the MA maps. The distance matrix (or repre-
sentational dissimilarity matrix) defined as 1–r [Cauda
et al., 2014; Kriegeskorte, Mur, & Bandettini, 2008] was
similarly created. The distance matrix was subjected to
the multidimensional scaling analysis so as to obtain a
geometrical representation of data deviation.
We evaluated the similarity by examining visually
the MDS graphs, in which the multidimensional simi-
larity/dissimilarity between pathology-derived MA maps
are represented as 2D distances (expressed in arbitrary
values). Similar pairs are placed close together and
dissimilar pairs are placed far between each other.
Clustering
To test if the data can be decomposed in two or more
parcels we employed a clustering approach: the k-means
Table 2. This Table Shows the Balanced Classification Accu-
racy (CA), the Sensitivity and the Specificity for Each Psy-
chiatric Spectrum Relative to GM Discrimination




ASD 0.32 0.73 
SCHZ 0.75 0.60 
GM-KNN CA Sensitivity Speciicity
OCDS 0.45 0.80 
ASD 0.56 0.16 0.87 
SCHZ 0.78 0.57 
GM-SVM CA Sensitivity Speciicity
OCDS 0.05 0.97 
ASD 0.53 0.09 0.88 
SCHZ 0.97 0.25 
Three different learning methods were applied: the naive bayes
classifier (naive), the support vector machines (SVM) and the K-nearest
neighbours (KNN) to discriminate between schizophrenia spectrum dis-
order (SCZD), autism spectrum disorder (ASD), and obsessive-compulsive
spectrum disorder (OCSD).
Table 3. This Table Shows the Balanced Classification Accu-
racy (CA), the Sensitivity and the Specificity for Each Psy-
chiatric Spectrum Relative to WM Discrimination




ASD 0.59 0.73 
SCHZ 0.55 0.60 
WM-KNN CA Sensitivity Speciicity
OCDS 038 0.81 
ASD 0.52 0.31 0.90 
SCHZ 0.70 0.47 
WM-SVM CA Sensitivity Speciicity
OCDS 0.11 0.94 
ASD 0.49 0.09 0.97 
SCHZ 0.93 0.12 
Three different learning methods were applied: the naive bayes
classifier (naive), the support vector machines (SVM) and the K-nearest
neighbours (KNN) to discriminate between schizophrenia spectrum dis-
order (SCZD), autism spectrum disorder (ASD), and obsessive-compulsive
spectrum disorder (OCSD).
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technique. This technique is an unsupervised learning
algorithm that subdivides a set of objects in k groups
according to their attributes. There are different types
and methods of clustering in literature: we used k-
means because, compared to other algorithms, its run-
time and performance are usually more efficient as the
number of records increases [Bishop, 2006]. Further-
more, since clusters are nonhierarchical, they do not
overlap; which is important in our case as, we were
looking for a clear partition between the pathology
[Bishop, 2006; Thirion, Varoquaux, Dohmatob, &
Poline, 2014].
In our case, the data matrix X used in the k-means
clustering is an n 3 p matrix in which the rows corre-
spond to points, while columns correspond to variables
(attributes). We used as attributes the MA maps and the
voxels as points; the optimal number of groups (k) was
determined by the silhouette plot introduced by Kauf-
man and Rousseeuw [1990]. The results of the silhou-
ette plot showed that two was the best number of
clusters calculated by this algorithm.
In this study, we used both clustering and classifica-
tion methods to analyze our data. The rationales for
using the clustering technique as well as the machine
learning method are different. We used the clustering
technique to check if a “natural” decomposition of the
voxels could emerge from each different psychiatric dis-
order. This allowed us to see if there were interesting
anatomical partitions that could differentiate ASD,
SCZD, and OCSD. In addition, we used the machine
learning method to check for the accuracy of the learn-
ing algorithm so as to see if a model could describe the
different diseases.
Lesion Decoding
To find out specific cognitive profiles for the obtained
clusters we employed the meta-analytic decoding of
network function [Chang, Yarkoni, Khaw, & Sanfey,
2013] which is a utility of the Neurosynth platform
[Yarkoni, Poldrack, Nichols, Van Essen, & Wager, 2011].
This decoding tool makes possible quantitative infer-
ences about cognitive functions that can be likely asso-
ciated with patterns of neuronal activations or
alterations. Neurosynth database contains meta-analytic
maps regarding thousands of psychological topics and
terms [Poldrack, 2011; Yarkoni et al., 2011]. What is
more, these meta-analyses maps can discriminate
between forward inference and reverse inference [Poldrack,
2006]. Therefore, with the help of Neurosynth it is pos-
sible to compute whole-brain maps for specific psycho-
logical functions in both the forward direction—that is,
P(Activation|State)—and the reverse direction—that is,
P(State|Activation)—of inference. Forward inference
regards the probability of observing activity in a region
given the psychological process. This is the usual infer-
ence produced by the fMRI studies in which an experi-
mental manipulation is associated with observed
pattern of brain activity. For example, the usual type of
inference is of the form: if psychological process A is
engaged, then the brain area Y is active. On the other
hand, reverse inference regards the probability of a psy-
chological process given the activation of a brain
region. In other terms, reverse inference concerns the
likelihood that a psychological process A is occurring
given the observed activation of the brain area Y. This
type of inference can be evaluated using the Bayes The-
orem. In our case, we investigated the relationship
between psychological terms and altered areas. In par-
ticular, we submitted to the decoding algorithm the
ALE maps of the two clusters created by the k-means
decomposition, so as to have as outputs for each area
the probability distribution of the related psychological
terms. This distribution represented the frequency of
every psychological term associated in literature with
the brain area. Clearly, finding few terms with high
probability provides a more specific result compared to
finding more terms with low probability: the former
result indicates that an area is involved in less functions
and therefore is more specific, whereas the latter result
indicates that an area is involved in more functions
and therefore is less specific.
A statistical inference was also performed by means
of a chi-square test so as to generate P values maps that
were controlled and adjusted with a false discovery rate
(FDR) procedure through multiple comparisons. We
then computed the voxel-wise Pearson correlation with
the 200 meta-analytic maps of the Neurosynth database
(see http://www.neurosynth.org). The obtained coeffi-
cients were used to construct a hierarchy of the psycho-
logical functions that appeared to be more consistently
associated with each of the two alteration clusters.
Results
The studies we included are listed in the Supporting
Information. 1231 studies were excluded because they
did not meet the inclusion criteria (see the trial flow
represented in Table 1). The characteristics of the 203
studies (reporting 218 experimental conditions), desig-
nated as suitable for meta-analysis, are reported in the
Supporting Information Tables S1–S4. Together, these
studies included data from 8693 subjects. 110 studies
explored SCZD (54.187%), while 49 studies concern
OCSD (24.138%). The remaining 21.675% of the studies
analyzed the ASD spectrum. The average age of the
samples (calculated from the 196 papers reporting this
information) was 26.98 6 10.1 years. There was a lack of
information about gender for 2.92% of the sample. The
J_ID: AUR Customer A_ID: AUR1759 Cadmus Art: AUR1759 Ed. Ref. No.: 16-0161.R2 Date: 9-March-17 Stage: Page: 7
ID: jwaa3b2server Time: 15:22 I Path: D:/Wiley/Support/XML_Signal_Tmp_AA/JW-AUR#170007
INSAR Cauda et al./Dissociability of autism, OCD, schizophrenia 7
remaining 62.56% were men, while 34.52% were wom-
en. Considering the available information (see Support-
ing Information Tables S1–S3), the ASD sample was
made up by 1719 subjects (male 5 1393, female 5 270;
age 5 17.43 6 10.25 years), the OCSD sample by 1738
subjects (male 5 927, female 5 792; age 5 26.40 6 9.82
years), and the SCZD sample by 5236 subjects
(male 5 3118, female 5 1939; age 5 30.95 6 9.87 years).
2213 foci were available for the meta-analysis: 1511 GM
changes foci (340 increase and 1171 decrease, respec-
tively) and 702 WM changes foci (121 increase and 581
decrease, respectively). When possible, we evaluated the
diagnostic clusters of each psychiatric spectrum, classi-
fying them on the basis of what has been indicated in
Figure 1. Gray and white matter anatomical likelihood estimation (ALE) results. The left panels summarize the results of all the
experiments that have been utilized in this research, increases and decreases are visualized separately. The right panels summarizes
the results of the three spectra that have been included in this research, increases and decreases are overlapped using a signed dif-
ferential map (SDM) approach (ALE maps were computed at a false discovery rate corrected threshold of P< 0.05, with a minimum
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the section “Subjects and methods” by the authors of
the selected articles. Considering the ASD spectrum, the
19% of the cluster was made up by primary autism, the
15% by high functionality autism, the 14% by Asperger
syndrome, while the 4% by pervasive development dis-
order. In the OCSD spectrum, the 86% of the studies
explored OCD, the 12% Tourette syndrome, while the
remaining 2% trichotillomania. Finally, in the SCZD
spectrum, the 52% of the studies explored mixed form
of schizophrenia, the 24% the first episode of psychosis
or schizophrenia, the 10% schizophrenia simplex (for a
detailed description of the identified clusters see the
Supporting Information).
Anatomical Likelihood Estimation
We performed an ALE analysis for each spectra (WM and
WM separately) and for all the data together. FigureF1 1
right panels shows the results of the ALE performed on
the three spectra. Especially from the GM data it is clearly
evident that a common “core” [Cauda et al., 2012b]
group of brain areas are altered in all three dataset. These
areas are tagged as decreases and include the anterior
insulae, the anterior cingulate cortices, the medial thala-
mi and the ventromedial prefrontal cortex. The GM
increases are placed in posterior parietal cortices, basal
ganglia and lateral posterior thalami and are more vari-
able between spectra but shows larger similarity between
SCZD and OCSD. The WM data (see also the graph in Fig-
ure F22 that depicts the alteration of principal WM tract in
the three spectra) partially confirm this view showing
several tracts that are commonly altered in these three
datasets; however, they also show the presence of several
differences. Figure 1 left panels shows the results of the
ALE performed on the whole dataset evidencing the com-
mon pattern of GM and WM altered areas.
Figure 3. Gray matter (GM) upper right panel and white matter (WM) lower right panel: Distance matrices of the modeled activa-
tion (MA) maps relative to each of the examined experiments. GM upper and WM lower left and middle panels: multidimensional
scaling (MDS) of the modeled activation (MA) maps relative to each of the examined experiments (graphs expressed in arbitrary
units). In MDS graphs the multidimensional similarity/dissimilarity between pathology-derived MA maps are represented as 2D dis-
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Classifications
Data-driven classifications of the three psychiatric spec-
tra, conducted on the basis of the brain alteration pat-
terns reported by each examined study, are illustrated
by Supporting Information Figure S4 (ROC analysis),
whereas the classification performances are shown in
Tables 2 and 3.
With both GM and WM data, the three psychiatric
spectra were scarcely susceptible to be classified. In fact,
all the three classifiers evidenced a balanced classifica-
tion accuracy, ranging from 49 to 56%. With both GM
and WM data all of the classifiers showed a high
sensitivity only for SCZD, which is otherwise associated
with a very low specificity. The other two spectra
showed an opposite behavior with low sensitivity and
higher specificity.
Multidimensional Scaling and Clustering
The GM brain alterations evidenced in the three psychi-
atric spectra considered in this meta-analysis can be
subdivided into two clearly distinct clusters, which are
shown in the multidimensional scaling illustrated by
Figure F33 left panels, and confirmed by the k-means clus-
tering technique. Both the MDS showed in Figure 3 left
Figure 4. Gray matter anatomical likelihood estimation (ALE) results. The image summarizes the results of all the experiments that
have been parcellated in cluster 1 (upper panel) and cluster 2 (lower panel). ALE maps were computed at a false discovery rate cor-



















Figure 5. Number of experiments (in percentage points) concerning each of the three spectra classified in every cluster. The right
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panels and the distance matrix showed in Figure 3 right
panels evidenced two clear clusters. The silhouette
method (see clustering methods) confirmed analytically
this fact. Of these two clusters, one is more homoge-
neous and bigger (cluster 1, see Figures 3 andF4 4 left pan-
els), while the other is more dispersed and smaller
(cluster 2). The mapping of the three psychiatric condi-
tions (see Figure 3, middle panels) has showed that
they are sparsely distributed in the two clusters. Howev-
er, as it is shown in FigureF5 5, schizophrenia is consider-
ably more present in cluster 1, whereas OCSD in cluster
2. This fact, together with the ALE maps and the classi-
fication results, evidenced a bigger distance between
SCZD and OCSD.
Overall, the classification approach, together with
multidimensional scaling analysis, parcellations, and
ALE maps showed in Figure 1 has revealed that SCZD,
ASD, and OCSD probably share to a large extent a set of
brain alterations (as to this point see also Douaud et al.
[2014]; Goodkind et al. [2015]).
The spatial pattern of GM alterations of the two clus-
ters is shown in Figure 4. Cluster 1 (Fig. 4, upper panel)
is constituted by the “core” alteration pattern—encom-
passing decreases in the anterior insular cortex (AI), the
anterior cingulate cortex (ACC), the ventromedial pre-
frontal cortex (vmPFC), and medial thalamic brain
areas—that resembles the cognitive control system [Cole
et al., 2014; Cole & Schneider, 2007; Duncan, 2010].
The increases are located mainly in dorsolateral and
premotor cortices.
Cluster 2 (Fig. 4, lower panel) shows principally
decreases and is less identifiable with a known large
scale brain network. This may reflect the relative sparser
distribution of the data that generate this cluster rela-
tively to cluster 1 (see the MDS results for a compari-
son). In cluster 2 alterations are located in a more
occipital, temporal and parietal spatial pattern with the
involvement of sensorimotor, visual, middle and lower
prefrontal, middle insular, and lingual areas.
Of note, these two distinct clusters, and in particular
the first one, partially resemble the “dual intertwined
rings architecture” described by Mesmoudi et al. [2013].
Lesion Decoding
Figure F66 shows the results of the lesion decoding (the
top 10 most correlated psychological terms): cluster 1 is
associated with a various group of terms referring to the
self (self, personality), interoception (sensory, pain,
intensity), emotions (affective, emotion, aversive) and
error monitoring/salience (salience, error, response inhi-
bition). On the other hand, cluster 2 is associated with
terms referring in particular to motion, visual percep-
tion, face recognition, mentalizing, and theory of mind.
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Discussion
This meta-analytic study aims to address the categoriza-
tion of SCZD, ASD, and OCSD from a neuroimaging
perspective. According to the clinical categorical classifi-
cation that considers these three spectra as separate psy-
chiatric conditions, we expected to find clear-cut
clusters of brain alterations for each condition. Con-
versely, we found only two clusters: a first one (cluster
1) that is more homogeneous and shows a common set
of “core areas” [Cauda et al., 2012b] that are altered in
all three datasets, and a second one (cluster 2) that is
more dispersed. Moreover, our data suggest that while
SCZD, ASD, and OCSD are not fully specific to one of
the two clusters and appear to be distributed in both of
them, SCZD shows a relative prevalence for cluster 1
and OCSD for cluster 2, with ASD more homogeneously
distributed (albeit prevalent) in cluster 2.
We tested three different types of classifiers based on
brain alteration patterns to distinguish the three psychi-
atric spectra. However, the classifiers were not able to
find a reliable relationship between brain abnormalities
and the three clinical spectra. Indeed, on the basis of
the VBM data examined by us, it was not possible to
reliably distinguish between altered brain patterns
caused by SCZD and ASD, as well as between the pat-
terns caused by ASD and OCSD. This might support the
hypothesis that an underlying pathophysiological
mechanism is shared by these types of spectra [Caspi
et al., 2014]. In fact, our classification procedure and
the outcomes of the clustering technique do not sup-
port a clear-cut differentiation of brain alterations pat-
terns between these psychiatric conditions. The only
possible differentiation that can be made on the basis
of our analysis is obtained from the fact that GM altera-
tions patterns are grouped in two different clusters.
Therefore, we can observe a common set of alterations,
but also differences in the cluster analysis of the three
spectra, which could be related to the different clinical
presentation. This result has a clinical correspondence
in the clear phenomenological difference from OCSD
and SCZD, and the ASD bridge between them, with the
two dimensions “schizoid-avoidant” and “obsessive-
repetitive.”
The relative similarity between ASD and SCZD is con-
sistent with a neurobiological model that suggests a
common basis for SCZD and ASD, with a number of
genetic alterations (SHANK 3 variations, DISC 1, dysre-
gulation of CYFIP1, SCN2A, NRXN1 neurexin gene or
RELN), cytoarchitectural abnormalities (about prolifera-
tion, migration and lamination defects), neuropsycho-
logical deficit, neuroimaging investigations (about gray/
white matter abnormalities and structural/functional
connectivity alterations), and clinical observations
[Baribeau & Anagnostou, 2013; Cauda et al., 2014;
Cauda et al., 2011; Cheung et al., 2010; Chisholm, Lin,
Abu-Akel, & Wood, 2015; de Lacy & King, 2013; King &
Lord, 2011; Pathania et al., 2014]. From a clinical point
of view, OCSD appears to have comorbidity with both
ASD and SCZD, as well as with Tourette syndrome,
which is another relevant neurodevelopmental syn-
drome [Zapparoli, Porta, & Paulesu, 2015]. OCSD is in
fact strictly related to ASD, and a substantial proportion
of patients with schizophrenia also meet criteria for
obsessive-compulsive disorder, so much so that patients
with schizo-obsessive traits are usually characterized by
distinct clinical features, including treatment response
and prognosis [Bleich-Cohen et al., 2014a].
Moreover, a recent study has convincingly put for-
ward the hypothesis of a common neurobiological sub-
strate for psychiatric conditions [Buckholtz & Meyer-
Lindenberg, 2012; Goodkind et al., 2015; McTeague
et al., 2016]. In particular, this substrate would involve
an anterior insula/dorsal anterior cingulate areas, which
are considered parts of the so called control system
[Power et al., 2011]. The disruption of the functional
integrity of this network would account for the execu-
tive deficits that are observed across psychiatric condi-
tions. This study provides the intriguing suggestion
that a network organizing model capable of accounting
for the role of shared neural alteration patterns across
different brain disorders would be very useful for any
aspect of clinical practice, from diagnosis to prognosis
and treatment [Bertelli et al., 2015].
Our results are consistent with the hypothesis of a
common substrate among psychiatric conditions; in
particular, they support the alteration network observed
by Goodkind et al. [2015]—cluster 1—and, in addition,
indicate a second possible alteration network—cluster
2—more characterized by visuoperceptual and motor
areas. The fact that the methodology used by Goodkind
et al. [2015] did not identify the alteration patterns of
cluster 2 may be due at least to two reasons. First, clus-
ter 1 may have prevailed on cluster 2 because cluster 2
presents sparser foci and, therefore, appears to be far
less homogeneous than cluster 1 (see Fig. 2, upper pan-
els). Data for cluster 2 could have been even more dis-
persed in the studies taken into consideration by
Goodkind et al. [2015], and this could have made clus-
ter 2 not statistically significant in the performed ALE.
The second, and probably most important, reason is
that this study is limited to the alteration patterns anal-
ysis of three specific psychiatric spectra (SCZD, ASD,
and OCSD), whereas Goodkind et al. [2015] retrieved
data obtained from studies about a wider range of psy-
chiatric conditions—in particular, they used data com-
ing from six different diagnostic groups (schizophrenia,
bipolar disorder, depression, addiction, obsessive-
compulsive disorder, and anxiety).
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Overall, our study demonstrates that the “core areas”
pertaining to the control system [Cole & Schneider,
2007; Duncan, 2010] evidenced in cluster 1 are largely
prevalent. In fact, most of the studies considered in this
meta-analysis provide data that principally relate to this
cluster, which includes brain areas that are typically
associated with cognitive control, self, interoception,
emotions, and error monitoring/salience. Cluster 2, on
the other hand, include brain areas that are typically
associated with motion, visual perception, face recogni-
tion, mentalizing and theory of mind. In accordance
with the analysis of Goodkind et al. [2015], cluster 1
partly resembles the cognitive control system, while
cluster 2, in which the alteration patterns are less
homogeneous, is more associated with the parietal,
inferior temporal, premotor, middle, and inferior fron-
tal and occipital areas. Cluster 2 also includes higher-
order visual, inferior temporal areas, and the precuneus,
thus exhibiting brain alteration patterns that are less
related to a specific large-scale brain network. It is
worth noting that SCZD, ASD, and OCSD are not dis-
tributed exclusively in one of the two clusters but, rath-
er, extend over both. In particular, SCZD prevails in
cluster 1, while OCSD prevails slightly in cluster 2. In
turn, ASD appears to be more equally distributed
between the two clusters.
Intriguingly, these two characteristic alteration net-
works partially resemble a recent distinction put for-
ward by Mesmoudi et al. [2013] about two different
resting state connectivity networks. The authors identi-
fied a dual intertwined rings architecture within the
brain connectivity: the ring formed of parietal-
temporal-frontal regions (PTF) and the ring formed of
visual-somatic-auditory regions (VSA). In particular, PTF
includes associative cortices specialized in attention,
language, and working memory, as well as other regions
involved in the processes of motivation and biological
regulation. In turn, VSA includes unimodal sensory
regions (auditory, visual and somatosensory) and per-
forms fast real-time multimodal (auditory-visual, visual-
somatic, and auditory-somatic) integration of sensori-
motor information. These two large neuronal systems
can also be differentiated by cortical gene expression
[Cioli, Abdi, Beaton, Burnod, & Mesmoudi, 2014]. The
two clusters identified by this meta-analysis seem to
reflect this dual rings architecture: cluster 1 as part of
the PTF and cluster 2 as part of the VSA, respectively.
Also, our results accord well with the hypothesis of a
transdiagnostic impairment of cognitive control brain
mechanisms [McTeague et al., 2016], which is linked to
a frontal-cingulate-parietal-insular network. This net-
work has an important adaptive functioning and its
dysfunction might be a common aspect among differ-
ent psychiatric disorders [Caspi et al., 2014]. Regions of
this cognitive control system overlap with the salience
network, which are as well characterized by reduced
gray matter in psychiatric conditions; together these
two networks could form a large-scale “multiple
demand” processing network, the impairment of which
might transdiagnostically predict weaker neurocogni-
tive performance [McTeague et al., 2016]. Social cogni-
tion, too, represents a sensitive domain commonly
disrupted in a variety of psychiatric disorders, including
ASD and SCZD [Bicks, Koike, Akbarian, & Morishita,
2015]. Functional connectivity approaches reveal that
specific functional connectivity network parameters
present heritability and are associated with familial risk
for psychopathology, suggesting a genetic role not for
psychiatric categories tout court but over inter-regional
synchronization, thus confirming liability to broad
dimensions of symptomatically related disorders [Buck-
holtz & Meyer-Lindenberg, 2012; Caspi et al., 2014].
Moreover, mental illness is generally characterized by
polygenic inheritance producing a constant distribution
of genetic liability. This challenges the validity of cate-
gorical models of psychiatric illness and risk, because it
implies that disorders are the extreme manifestation of
normally distributed quantitative traits. This is why
symptoms domains, largely corresponding to neuropsy-
chological functions, are common to multiple diagno-
ses rather than being specific or unique to categorical
disorders [Buckholtz & Meyer-Lindenberg, 2012; Plo-
min, Haworth, & Davis, 2009]. Individual environments
may act so as to modify the penetrance of genetic risk
factors. As a result, ASD and SCZD could be thought of
as neurodevelopmental disorders with a common
genetic background but different age and clinical onset.
In order to find an explanation for this common basis
and clinical difference, an involvement of neuroinflam-
mation during brain development has been related to
social cognitive deficits in ASD and SCZD. This neuroin-
flammatory mechanism might produce an abnormal
activation of the same brain region (i.e., thalamus) in
both ASD and SCZD and consequently disrupt the areas
related to social cognition [Nakagawa & Chiba, 2016].
One of the primary culprits could be the disturbance in
metal homeostasis, which is supposed to induce dys-
function in blood-cerebrospinal fluid barrier. In particu-
lar, the dysfunction of CuZn superoxidodysmutase-1
may lead to neuroinflammation via reactive oxygen
species release, polarization of macrophages/microglia
and production of proinflammatory cytokines. M1-
microglia-mediated neuroinflammation appears there-
fore to be associated with abnormalities of the initiating
brain regions adjacent to the cerebral ventricles and the
subsequent dysregulation of networks related to social
cognition. This mechanism could represent an interest-
ing target for pathogenetic-related new drug [Nakagawa
& Chiba, 2016].
J_ID: AUR Customer A_ID: AUR1759 Cadmus Art: AUR1759 Ed. Ref. No.: 16-0161.R2 Date: 9-March-17 Stage: Page: 13
ID: jwaa3b2server Time: 15:23 I Path: D:/Wiley/Support/XML_Signal_Tmp_AA/JW-AUR#170007
INSAR Cauda et al./Dissociability of autism, OCD, schizophrenia 13
This transdiagnostic model suggests that risk factors
for mental illness produce alterations in brain circuit
functioning, which in turn induce susceptibility to psy-
chopathology in such a way that specific cognitive
domains are affected. Thus, the linkage between com-
mon symptom variance and common genetic variance
appears to be an effect of that shared genetic liability
on brain networks supporting different cognitive
domains [Buckholtz & Meyer-Lindenberg, 2012], the
disruption of which reflects in symptom-specific mani-
festations [Buckholtz & Meyer-Lindenberg, 2012].
In this view, brain alterations and dysfunction are
not strictly related to clinical symptoms but, rather, to
endophenotypes, that is to say, they are related to spe-
cific domains and neuropsychological functions, along
with epigenetic factors and the environment that could
interact with the endophenotypes to produce a set of
symptoms and, thereby, a phenotypical syndrome.
These genetic and environmental risk factors impact on
systems-level circuits for several major dimensions of
cognition. Therefore, the disruption of these core con-
nectivity circuits might bring about transdiagnostic
symptoms and mediate an underlying susceptibility to
broad domains of psychopathology rather than to dis-
tinct categorical disorders (Buckholtz & Meyer-
Lindenberg, 2012).
Limitations and Future Directions
Although our research has been carefully designed and
reached its aims, there were some unavoidable limita-
tions concerning the selection of the studies to be
included. Four critical aspects have been recognized.
1. The first aspect regards the literature search, in
which potential studies have been identified. Espe-
cially concerning the OCSD, PubMed has found
under the heading of the spectrum also articles about
Tic disorder.
2. The second aspect regards the criteria that were used
to create a list of studies for inclusion. At the begin-
ning of data collection in 2012, PubMed did not
contain a MeSH term for SCZD (for further discus-
sion, see the “Selection of Studies” section in the
Supporting Information).
3. The third aspect regards the fact that this study was
not able to classify exactly SCZD, ASD, and OCSD on
the basis of VBM data. This could depend on this
particular type of data as well as on the adopted clas-
sifiers, or on the quality deterioration of meta-
analytical data, or on certain characteristics of the
sample and its numerousness.
4. The fourth aspect regards the heterogeneity of group
subjects (different for age and gender) that participat-
ed in the studies retrieved for this meta-analysis,
which could be another possible confounding factor.
Thus, we cannot rule out that the unsuccessful differ-
entiation of these psychiatric spectra in three distinct cat-
egories might have been influenced by the variability of
these factors. However, in light of all the studies retrieved
in this meta-analysis, this differentiation could not be
achieved. Nevertheless, the use of the same investigators
to accomplish selection assured consistency between the
selected studies as well as the inclusion of only original
research with optimally trials to define the target patient
population. Significantly, investigators who carried out
this research stage have reached substantial agreement
(% of agreement 5 94.3096; Cohen’s K 5 0.7409). In spite
of this, other studies are needed to confirm the hypothe-
sis that different psychiatric conditions share brain alter-
ation patterns with the help of different methodologies
and other data whose source is not meta-analytical. Also,
another possibility could be the opportunity to distin-
guish in further studies different subtypes of autism and
schizophrenia. For instance, the inclusion of ADHD and
the distinction between ASD-ADHD and ASD without
ADHD could improve the differentiation. Importantly,
most systematic reviews should combine key words or
text words with MESH terms in order to avoid bias in the
search strategy. Finally, research about pathogenetic-
related drugs should be more interested in neuropsycho-
logical and brain networks impairment than in categori-
cal defined syndromes.
Conclusions
Our study addresses two important issues about the
possibility to discriminate three psychiatric spectra
(SCZD, ASD, and OCSD) on the sole basis of VBM alter-
ation patterns.
1. Given our data sample, SCZD, ASD, and OCSD do
not present distinctive patterns of GM alterations.
Our results are consistent with similar findings
obtained by other studies [Crossley et al., 2014;
Douaud et al., 2014; Goodkind et al., 2015; Menon,
2011; Voytek & Knight, 2015] but not with the
results of Bleich-Cohen et al. [2014a,b].
2. It is possible to identify two different GM alteration
clusters, one that includes substantial parts of the cog-
nitive control system and resembles the PTF ring; the
other that is more closely associated with the auditory-
visual, auditory, visual, premotor and somatic areas
and partially resembles the VSA ring. These two clus-
ters suggest that an underlying pattern of GM alter-
ation might be common to the three psychiatric
spectra considered in this meta-analysis. These brain
alteration networks appear to be characterized by a
more common impairment of cognitive areas (within
PTF) and by a set of more variable abnormalities to
areas with input-output functions (within VSA).
J_ID: AUR Customer A_ID: AUR1759 Cadmus Art: AUR1759 Ed. Ref. No.: 16-0161.R2 Date: 9-March-17 Stage: Page: 14
ID: jwaa3b2server Time: 15:23 I Path: D:/Wiley/Support/XML_Signal_Tmp_AA/JW-AUR#170007
14 Cauda et al./Dissociability of autism, OCD, schizophrenia INSAR
Cluster 1 is more prevalent than cluster 2, as most of
the studies considered in this meta-analysis provide
data that principally fall within this constellation. Brain
areas included in cluster 1 closely resemble the regions
highlighted by Goodkind et al. [2015] as parts of a com-
mon neurobiological substrate for mental illness [Buck-
holtz & Meyer-Lindenberg, 2012; Caspi et al., 2014;
McTeague et al., 2016].
Future investigations in this fascinating line of
research will be able to understand better why different
diagnostic categories of psychiatric conditions can origi-
nate types of brain alteration patterns that can be part
of two distinct clusters.
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